This paper assesses the volatility and cross country mean and volatility spillover effects of food prices within and across global and selected Asian and Pacific countries namely Australia, New Zealand, South Korea, Singapore, Hong Kong, Taiwan, India and Thailand. The principal method of analysis comprises the development of a set of component GARCH-type models of conditional variance. Volatility characteristics and spillover effects of food prices are examined across a full (1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010) and two subsamples (1995-2001 and 2002-2010) with daily food price indices. Main findings of the study are as follows: (1) like other asset prices, food price volatility can be modelled by CGARCH variant of GARCH-family models for world as well as country specific levels, (2) increased risk does not necessarily lead to increased returns for world and specified countries except few instances, (3) mixed evidence of cross country mean and volatility spillover effects are reported. No exact direction of spillover effects from exporter to importer or importer to exporter countries can be drawn rather mixed evidence of spillover from exporter to importer, exporter to exporter, importer to exporter and geographical proximity can be documented. The 'meteor shower' hypothesis that the conditional variance of the change in one market depends on the past information of other markets dominates 'heat wave' hypothesis that the conditional variance depends on the past information of that market while for shorter time period 'heat wave' effects dominate 'meteor shower' effects.
Introduction
Commodity price fluctuation or volatility has attracted increasing attention in recent economic and financial literature and has been recognised as one of the more important economic phenomena (R.F. Engle, 1982) . The importance of understanding commodity price movement is now well documented. For example, Pindyck(2004) pointed out that changes in commodity prices can influence the total cost of production as well as the opportunity cost of producing commodities currently rather than later. It has also been argued that price volatility reduces welfare and competition by increasing consumer search costs (Zheng, Kinnucan, & Thompson, 2008) . In the same line, Apergis and Rezitis(2003b) noted down that price volatility leads both producers and consumers to uncertainty and risk and thus volatility of commodity prices has been studied to some extent.
Commodity prices in general are volatile and in particular agricultural commodity prices are renowned for their continuously volatile nature (Newbery, 1989) and also deserve much attention from policy makers. Kroner et al. (1999) reported that commodity prices are one of the most volatile of all international prices. It has been emphasized that continuous volatility causes concern for governments, traders, producers and consumers. Large fluctuations in prices can have a destabilizing effect on the real exchange rates of countries and a prolonged volatile environment makes it difficult to extract exact price signals from the market which leads to inefficient allocation of resources and also volatility can attract speculative activities (FAO, 2007) .
Historic food prices show significant ups and down as can be seen in Figures 1 and 2 . A large body of studies exist to document the causes and consequences of food price booms. The recent food price spike was explained from different angles such as supply shock (ESCAP, 2008; Hossain, 2007) , demand shock (OECD, 2008) , oil and metal price hike (Headey & Fan, 2008; Radetzki, 2006) , chronic depreciation of US dollars against major currencies (Abott, Hurt, & Tyner, 2009; Headey & Fan, 2008) and increased demand for bio-fuel (Headey & Fan, 2008; Mitchell, 2008; Rosegrant, Zhu, Msangi, & Sulser, 2008) . Along with these mainstream macroeconomic factors, the index based agricultural futures market attracted much attention for being one of the factors of the food price boom (Gilbert, 2010; Robles, Torero, & von Braun, 2009 ). Gilbert (2010) pin-pointed that the agricultural futures market is one of the major channels through which macroeconomic and monetary factors created the 2007-08 food price rises. Food commodity price futures are also gaining popularity like other financial funds. From 2005 to 2006, the average monthly volumes of futures for wheat and maize grew by more than 60 percent and those for rice by 40 percent (Robles et al., 2009 ). However, till date low attention has been paid for studying food price returns in the fashion of financial assets. Therefore, it is worthwhile to investigate the financial properties of food prices under the framework of generalized autoregressive conditional heteroscedasticity (GARCH) family models.
Volatility modelling is popular in financial economics. Financial variables such as stock price, interest rate and exchange rates are being modelled frequently by using financial econometrics models especially ARCH classes of models (Blair, 2001; Dewachter, 1996; Maneschiold, 2004; Wei, 2009 ). Recently energy prices have also been studied using the technique of Financial Econometrics, for example, Regnier(2007) has shown that the common view regarding energy price volatility is true. That is, testing a long span of data, he has shown that energy prices are more volatile than other commodity prices. Narayan and Narayan (2007) have documented mixed evidence concerning oil price shocks' volatility. However, only a few studies are available in the field commodity price volatility in general and food price volatility modelling in particular. Valadkhani and Mitchell (2002) studied Australia's export price volatility by using ARCH-GARCH models and provided evidence that Australia's export prices vary with world prices significantly. Apergis and Rezitis(2003a) examined volatility spillover effects from macroeconomic fundamentals to relative food price volatility in Greece by using GARCH models. They reported that the volatility of relative food prices shows a positive and significant impact on its own volatility in the case of Greece. In another paper (2003b) using similar GARCH models, they pointed out that agricultural input and retail food prices exert positive and significant effects on the volatility of agricultural output prices and also output prices have significant positive effects on its own volatility in Greece. Price volatility spillover effects in US catfish markets have been studied by Buguk et al. (2003) . They used univariate EGARCH models to check volatility spillover and provided evidence of volatility spillovers in agricultural markets. Zheng et al. (2008) studied time varying volatility of US food consumer prices using Exponential GARCH models and news impact curves.
However, as stated before, food price volatility using daily food price indices in the fashion of financial assets is still an area in which little empirical attention has been paid. Since food prices are getting popular positions in the portfolio of fund managers of food futures and options, it appears worthwhile to devote effort to modelling food prices with extended GARCH models particularly Component GARCH (CGARCH) models in the context of world and some countries of Asia and Pacific as well. Hence, the objectives of this paper are to model and examine cross country mean and volatility spillover effects of food price returns using Component GARCH models expecting to add to the scarce literature of food price volatility study.
The next section of the paper provides an overview of food export and import scenarios of countries covered by the study; section 2 discusses the data used for our analysis; the methodology used to carry out the analysis along with empirical findings have been presented in section 3 and section 4 of the paper summarises the main results of the study and draws relevant conclusions.
countries support that there is strong trade relationship of agricultural products among these countries. Furthermore, countries considered here are also member of some regional and trade associations. ASEAN-Australia-New Zealand free trade agreement (FTA) went into operation from 1 January 2010. An FTA between Australia and Thailand went into force in January 2005, FTA between Australia and Singapore has already been signed. A negotiation of Australia-India FTA is going on. Singapore-New Zealand and Thailand-New Zealand FTAs went into force in 2001 and 2005 respectively. An FTA between India and Thailand has been signed in 2004 (Park, 2009 ).
Data and Their Statistical Properties
The study uses 4000 daily observations of food producers' price indices for world aggregate and for Australia, New Zealand, South Korea, Singapore, Hong Kong, Taiwan, India and Thailand provided by DataStream Advance for the period 2 January 1995 to 30 April 2010. Returns of food prices for every variable are computed by using standard continuously computed logarithm technique as follows where P t is the daily price of current time t:
Table 1 displays summary statistics for each series. Large unconditional standard deviations of each series indicate high volatility of food prices, although the unconditional standard deviations for each return series show that net food importing countries returns are more volatile than those for net food exporting countries which asserts that net food importing countries are more affected by food price changes (von Braun, 2008) . For the price series, only New Zealand data show negative skewness implying the distribution has a long left tail, whereas all other series have positive skewness implying long right tails. On the other hand, the world, Australia and Korean series show negative skewness meaning long left tails while other returns series show long right tails. The values of excess Kurtosis for all series are high (close to 3 or higher) except the price series of New Zealand, Korea and Singapore, implying that distributions are relatively peaked rather than normal. The Jarque-Bera tests reject the null hypothesis of normality at 1 and 5 percent levels of significance. In support of J-B test, we also plot theoretical Quantile-Quantile as shown in Figures 3 and 4 . None of the plots exhibit good fit of the distribution of observations. The graphs show that both positive and negative large shocks create non-normal distribution of the series for both price and returns. Hence, the samples appropriately contain financial characteristics such as volatility clustering, long tails and leptokurtosis. In addition to the above, unit root tests results are also presented in Table 1 . In levels, all the food price series appear non-stationary, however, they appear stationary in first differences, implying all series are integrated of order 1, denoted I (1). This suggests using the returns for estimating the GARCH models for examining conditional volatility over the time period selected. Figures 1 and 2 show the plots of food prices and their returns. In the returns graphs, it is clearly visible that there is evidence of volatility clustering for the return series of world and for all individual countries. Figure 1 shows that since 2002 there was a sharp rises in food prices (Mitchell, 2008) of each country and therefore we divide total time period into two subsamples ranging from 1995 to 2001 and 2002 to 2010 for the purpose of estimation. By dividing into two subsamples we can distinguish whether there is any significant difference between high rise and non-high rise period of food prices. 
Methods and Empirical Results

Methods
CGARCH Models
For modelling financial characteristics of time series data, first scholarly efforts were put forward by Engle (1982) . As an aid, he developed the Autoregressive Conditional Heteroskedasticity (ARCH) model which was later generalised by Bollerslev(1986) as GARCH models. Since then ARCH/GARCH models got momentum to grow in different dimensions not only for magnitudes but also on the directions to better capture the financial characteristics of assets (Robert F. Engle, 2001) . One of these extended versions of GARCH family models is the Component GARCH (CGARCH) model developed by Ding et al. (1993) . We use this variant of GARCH model in this study due to its superior performance in different aspects. According to Black and McMillan (2004) , the CGARCH model decomposes conditional variances into a long-run time varying trend component and a short-run transitory component, which reverts to the trend following a shock. This model has superiority in terms of capturing both long and short-run properties of time series. Christoffersen et al. (2008) mention "The component model's superior performance is partly due to its improved ability to model the smirk and the path of spot volatility, but its most distinctive feature is its ability to model the volatility term structure."
In component GARCH (CGARCH) models, the constant conditional variance condition of GARCH (1, 1) model is replaced with a time varying component 'q' to capture long-run volatility. In general the ARMA (1, 1)-CGARCH (1, 1) model may be written in the following form:
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Where t q is the permanent component, ( We use CGARCH models to analyse data throughout the study. In the first stage, in order to estimate food price volatility of world and country specific data we use CGARCH-M (1, 1) models in asymmetric form to assess whether volatility in mean equations becomes a factor of risk or not and to see whether shocks to volatility are asymmetric or not. To this end, the ARMA (1, 1)-CGARCH (1, 1)-in mean models to be estimated may be written in the following general form:
,
Where i refers to variables from 1 to 9 representing the world and 8 individual countries, 2  and 3  measure autoregressive and moving average coefficients, 4
 is the coefficient for volatility in the mean equation
(measuring risk in mean return) and 4
 provides a measure of asymmetry. The lag order of ARMA is set by Box-Jenkins (1976) methodology and hence the lag orders selected may differ across the series depending on the nature of data.
CGARCH Models for Mean and Volatility Spillover Effects
One of the objectives of this study is to examine whether past information regarding the mean return in one food market affects other markets' current mean return or not, and similarly past information of volatility in one market affects other markets' current volatility or not. The second portion reveals information regarding the 'heat waves' or 'meteor shower' effects of Engle et al. (1990) . If the current volatility of one food market, for example Australian food market, is not influenced by past volatilities of other markets, for example New Zealand, South Korea, Singapore, Hong Kong, Taiwan, India and Thailand, we can say that volatility in Australian food market takes an independent path and this is termed as 'heat wave' effects. On the other hand, if current volatility of one market is influenced by any past volatility of other markets we say that volatility is interdependent or spills over from one market to another and this notion is termed 'meteor shower' effects. To evaluate 'heat wave' and 'meteor shower' effects following methods are followed.
In fact, as stated earlier, the models are estimated in two steps. For the first step, we model each food price return series through an ARMA-CGARCH-M model with equations 4 and 5. In the second step of estimation, in order to check mean and volatility spillover we compute standard deviation and conditional variance series from step 1 and incorporate them into appropriate mean and variance equations. More specifically, in line with the ideas of Engle et al. (1990) , Baillie et al. (1993) , Liu and Pan (1997) , Lin and Tamvakis(2001) , and Hammoudeh et al. (2003) we include conditional standard deviations derived for each variable from the first step into the mean equations of appropriate series to check mean spill over effects and insert conditional variances into the variance equations to assess volatility spillover effects form one food market to another. In particular, the following equations for checking mean spillover effects are estimated: Vol. 8, No. 12; 2012 8 Mean Equation: 
wherei represents series 1 to 8 for 8 individual countries. In order to examine long-run volatility spillover effects we put estimated conditional variances in the permanent component of the variance equations and hence we estimate the following ARMA-CGARCH (1, 1) model:
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wherei represents number of return series of 8 countries, j stands for the number of computed conditional variance series for 7 countries except the one under estimation. Appropriate lag orders for ARMA were set by Box-Jenkins (1976) methods in each case and models are selected based on the lowest AIC, highest R squared and maximum log likelihood values. The parameters of each model are estimated via maximum likelihood methods. To avoid possible violations of normally distributed error term assumption, all models are estimated assuming generalised error distributions (GED).
Following Engle et al. (1990) and Baillie et al. (1993) we compute robust Wald tests from each ARMA-CGARCH model to examine mean and volatility spill over effects across different countries covered by the study. Table 2 displays empirical results of CGARCH estimates for food price returns of world aggregate and other countries for the full sample period starting from 1995 to 2010. Asymmetric ARMA-CGARCH-in mean models for each series are estimated. Almost all parameters in the mean equations are statistically significant at least at 5% level of significance; GARCH in mean parameters are not statistically significant except for the New Zealand (   and Korean series (   implying risk does not necessarily lead to increased food price returns for many of the countries with the exceptions of New Zealand and Korea.
Empirical Results
CGARCH Models of Food Price Volatility
In Table 2 , the variance equations show that almost all the parameters (    and    under permanent components are statistically significant at 1% level of significance. That means that the initial effects of a shock to the permanent component measured by   are highly statistically significant in all cases. Long-run persistence parameters (  ) are close to unity in all cases, implying long-run persistence of shock. The half lives of shock to decay range from 53 days to 1322 days in all cases except New Zealand where the average decaying time for a random shock is around 9 days. It implies that the effects of shocks to volatility are highly persistent in all countries except New Zealand. Parameters measuring asymmetry (   are statistically significant for all the series except the Singapore return series, and the positive signs of coefficients in every case imply that positive shocks reduce volatility more than negative shocks. Only in the Singapore case, food price shocks show symmetric effects on volatility. The measures of short-run persistence parameters are significant in all cases with few exceptions. The sum of short-run persistence parameters (  and   are less than long-run persistence parameters in all cases, implying slower mean reversion in the long-run. Vol. 8, No. 12; 2012 significance, implying possible violation of normality assumptions. However, no other indication of serious misspecification of the models as specified is suggested by Ljung-Box Q statistics (both at level and squared) and ARCH (LM) tests with 10 lags. Vol. 8, No. 12; 2012 Australia statistical significance is indicated only at 10% level. In all other cases, there is evidence of positive asymmetric effects of shocks on price volatility meaning positive shocks reduce volatility more than negative shocks. The sums of the short-run persistence parameters are smaller than the long-run persistence parameters implying slower mean reversion in the long-run for all countrys as well as for world food prices.
In each equation the GED parameters are less than 2 and statistically significant at 1% level of significance, reinforcing the possible violation of normality assumptions. However, the results for the Ljung-Box Q statistics and the ARCH-LM test statistics do not suggest any other serious misspecification of the models. Results for the more recent period are given in Table 4 , which presents Asymmetric ARMA-CGARCH-in mean model estimates for the sub-sample period of 2002 to 2010. GARCH in mean parameters are not statistically significant for any series at any level of significance with the exception of India only. In the Indian case, risk does matter in the returns to food prices. Other countries all fairly well exhibit stability in terms of news impacts. On the whole, these statistical results indicate that the scopes for making returns from failure of market efficiency are rather very weak in these countries.
In Table 4 it can also be seen that long-run persistence parameters for world and for all other countries are statistically significant at 1% level of significance. The average half life of decaying the effects of shock is at least more than 24 days in every case while high persistence is recorded for India of about 411 days and low persistence is recorded for Thailand at about 24 days. World average and all other countries lie in between these two extremes. Parameters measuring asymmetry are not statistically significant for Australia, New Zealand and Thailand implying price shocks have symmetric effects on volatility in these countries for the period 2002 to 2010. In all other cases, there is evidence of positive asymmetric effects of shocks on price volatility meaning positive shocks reduce volatility more than negative shocks with the exception of Singapore only, where negative shocks reduce volatility more than positive shocks. As the sums of the transitory persistence parameters are smaller than the permanent persistence parameters for each model, the evidence reveals slower mean reversion in the long-run for every case.
As for the other time periods studied, the GED parameters are less than 2 and statistically significant at 1% level of significance, suggesting possible violation of normality assumptions. However, as before, the Ljung-Box Q statistics and ARCH-LM statistics fail to indicate any other form of serious misspecification of the models, with the possible exception of the New Zealand model. Major findings related to volatility modelling of food prices returns can be summed up as follows: (1) ARMA-CGARCH (1,1)-in mean models employed in the study to capture volatility characteristics of food price returns fits the data well for all countries and world context; (2) food price returns of each country as well as world integrated series show asymmetric and long-run persistent volatility for the full sample period with exception of Singapore and New Zealand where shocks have symmetric but persistent volatility in Singapore and transitory but asymmetric volatility in New Zealand food price returns; (3) for the subsample period 1995 to 2001, all food price return series show long-run persistent volatility while a mixed evidence of asymmetry is reported. Korea, Singapore and Hong Kong food price returns series show symmetric effects on volatility. All other countries' data demonstrate positive asymmetric effects on volatility; (4) similar to first subsample food price returns series of all countries and world for the period 2002 to 2010 show long-run persistency. Asymmetric effects are not found for Australia, New Zealand and Thailand while all other countries show positive asymmetric effects on food price returns volatility; (5) the sum of short-run persistence parameters in all series across all samples are smaller than long-run persistence parameters imply slower mean reversion in the long-run; (6) scant evidence of increased risks leading to increased returns has been found across all samples. The New Zealand and Korean series for the full sample, Australia, New Zealand and Korean series for subsample 1995-2001 and only Indian food price series for the last sample period 2002-2010 are found to be statistically significant for GARCH in mean equations.
Volatility characteristics of food prices can be modelled well by CGARCH-type models in the context of world and country specific level irrespective of the nature of food production and consumption. Though long-run The tests fail to find evidence of mean spillover effects for Korea, Hong Kong, Taiwan and Thailand food price return series. Mean returns of these countries are not systematically influenced even by their own lags. In the case of Australia, New Zealand, Singapore and India some evidence of cross country mean spillover is identified. Australian mean returns of food prices are influenced by New Zealand and India. New Zealand food prices are found to be influenced more significantly by other countries food price returns and mean spill over effects are detected from Australia, Korea and Singapore. Singapore food price returns in mean are found to be influenced by New Zealand and Korea and in both cases coefficients are statistically significant at 5% level of significance while Indian food price mean returns are found to be influenced by Singapore food price returns though the coefficient is statistically significant only at 10% level of significance. Table 6 shows robust Wald tests for volatility spill over effects across countries for the period 1995 to 2010. Except for Taiwan, all variance series for food price returns are found to be interdependent because parameters measuring volatility spillover effects are found to be statistically significant in most cases. There are considerable volatility spillover effects from India and Thailand to Australian food price returns. In the case of New Zealand, strong volatility spillover effects are identified from all other countries except Taiwan. Korean food price returns take a relatively independent way of volatility though there is a little evidence of volatility spillover from Singapore food price returns. Volatility in Singapore food price returns are found to be influenced by Australia, Hong Kong and Thailand. Hong Kong food price returns are volatile due to its own shocks as well as shocks from its regional countries i.e. Korea, Singapore and Taiwan. There are statistically significant volatility spillover effects from Australia, Singapore, Hong Kong, Taiwan and Thailand food price returns to Indian food price returns. In the case of Thailand, volatility spillover effect is found to be statistically significant only from Korea. No other countries' food price returns affect volatility of Thai food returns to a measurable extent. None of the series shows any statistically significant evidence of mean spill over effects from one country's food price returns to another country with only one exception, the New Zealand food price return series. New Zealand mean returns series are influenced by all other countries' food price return's conditional standard deviation. Table 8 shows Wald test statistics for volatility spillover for the period 1995 to 2001. Excepting Singapore all other countries food price returns show some evidence of volatility spillovers. Food price return volatility spillover is found to be statistically significant from New Zealand, Singapore, Hong Kong and Taiwan to Australia, from Australia, Korea, Singapore, Taiwan, India and Thailand to New Zealand. Food price return volatility from Australia to Korea, form Korea to Hong Kong and from Thailand to Taiwan is also found to be statistically significant though the level of significance is at only 10%. Indian food price return volatility is rather influenced by regional countries food prices e.g. Korea, Taiwan and Thailand. There is statistically significant food price return volatility spillover effects from New Zealand, Singapore, Taiwan and India to Thailand. Table 10 exhibits results of robust Wald test statistics for the volatility spillover effects of food price returns for the period 2002 to 2010. In this sharp volatile period, Singapore and Thailand food prices take independent ways to move. There is no evidence of return volatility spillover effects from other countries to these two countries. Australian food price return volatility is affected by Singapore, Taiwan and Indian food prices while New Zealand series does not show any statistically significant spillover effects from any other countries except from Hong Kong. Korean return series is found to be volatile by its own along with some volatility form its region, Singapore and Hong Kong. Strong volatility spill over effects for this period is identified for Hong Kong food price returns. There are statistically significant volatility spillover effects from New Zealand, Singapore, Taiwan and India to Hong Kong food price returns. Taiwan return series are found to be influenced by volatility of Korean food price returns. The tests find some evidences of volatility spillover effects from New Zealand and Hong Kong food market to Indian food market. Main findings of the mean and volatility spillover effects can be summarized as follows: There is no strong evidence of cross country mean spillover effects of food price returns across all samples. For the full sample period, mean spillover effects are found from India and New Zealand to Australia, from Australia, Korea and Singapore to New Zealand, from New Zealand and Korea to Singapore and from Singapore to India only. Mean spillover effects of food price returns from all countries to New Zealand are statistically significant while no evidence of spillover is found in the cases of the other countries. For the recent subsample 2002-2010, mean spillover effects from India to Australia; from Singapore to Korea, from Taiwan to Singapore; from Australia, Singapore and Taiwan to Hong Kong; from Korea to Taiwan; from Singapore to India and from India to Thailand are found to be statistically significant.
There are important differences between the first and second subsamples. During sharp rise of food price periods mean returns of food prices are not independent they are rather interdependent. In the first sample, all countries' data support the notion that food markets have strong-form efficiency (Baillie et al., 1993) . That means the effects of news die out rapidly and do not make any opportunity for excess cross country mean returns, while in the second subsample there are some deviations from this inference. In the second subsample, there is some evidence of news not dying out rapidly in some cases with the exception of New Zealand only. For the first subsample period New Zealand food price returns show some evidence of failure of strong-form market efficiency, however, during the period of sharp rises in food prices New Zealand data do not support the failure of strong form efficiency.
Evidence of volatility spillover effects is stronger than mean spillover effects. Although there are significant trade relationships from net food exporter countries to net food importer countries covered by this study, no exact directions of mean or volatility spillover effects from exporter to importer or importer to exporter could be drawn. Instead, rather mixed evidence is found and geographical proximity also matters. Australia being a big net exporter of food products has no unique influence over food price return volatility of its importing countries. For the long horizon of time period it has been found that volatility spills over from Australia to New Zealand, Singapore and in India. Based on above discussion, mixed evidence of heat wave and meteor shower effects can be reported in this study for food markets. For the long time series meteor shower dominates heat wave effects while the reverse is true in short time series data. For the period 1995-2001, partial meteor shower effects are found to be statistically significant for Australia, New Zealand, India and Thailand; however, recent data supports some meteor shower effects for the Australian, Hong Kong and Taiwan food markets but other countries either show complete heat wave effects or weak meteor shower effects.
Diagnostic Validity of Models
All models estimated in CGARCH form for assessing mean and volatility spillover effects show no indication of serious misspecification. As presumed, all models show evidence of non-normality because GED parameters www.ccsenet.org/ass Asian Social Science Vol. 8, No. 12; 2012 ( Tables 11 and 12 ) of all series for every subsample are less than 2 and statistically significant at 1% level of significance and, therefore, justification of estimating models by using generalised error distribution has been reinforced. As a measure of diagnostic check we compute Ljung-Box Q statistics at both level and squared form and also derived ARCH (LM) test statistics. The results are shown in Tables 11 and 12 . Results for mean spillover effects are portrayed in Table 11for full sample, 1995-2001 and 2002-2010 periods respectively. Table  11 , shows that there are no or little evidence of further autocorrelation in the series estimated because none or few of the statistics are significant at 5% level of significance. Similarly, the models for volatility spillover effects do not show any statistically significant further evidence of autocorrelation in them. Moreover, models capture volatility persistency and mean reversions which are properties of good volatility models (Robert F. Engle & Patton, 2001 ). 
Conclusions
The objectives of this study were to model food price returns in the context of world and selected Asia and Pacific countries including Australia, New Zealand, South Korea, Singapore, Hong Kong, Taiwan, India and Thailand in the fashion of financial asset modelling, and examining cross country mean and volatility spillover effects by using Component GARCH models with daily food producer price indices ranging from 1995 to 2010. Volatility characteristics and mean and volatility spillover effects are tested across the full sample (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) and two subsamples (1995-2001 and 2002-2010) . Main findings of the study are as follows. Food price returns can be modelled well with Component GARCH models irrespective of the food export-import status of the country. Food price returns are found to be long-run persistent following a random shock across different time periods for all countries and world aggregates, implying durable effects of shocks to volatility with the exception of New Zealand only. New Zealand data support long-run persistency only for the recent subsample. However, asymmetry differs for countries across different subsamples and the full sample. World aggregate food price returns show asymmetric effects to volatility. Australia, New Zealand and Thailand food prices show asymmetric effects of shocks to volatility for the full and the early subsample, while they show symmetric effects for the recent subsample. Korea and Hong Kong food prices respond asymmetrically for the full sample period and the more recent subsample while they show symmetric effects to the early subsample. For Taiwan and India the data exhibit asymmetric effects across all samples. In the Singapore case, symmetric effects are found for the early subsample while for recent subsample it is asymmetric. It is evident from the analysis that net food importer countries' food prices have symmetric effects of shocks to volatility in the remote past while they have asymmetric effects in the recent past. And the results are completely opposite for food exporter countries. It implies that negative shocks in the recent past which increase food prices in the food importer countries are not fully compensated by positive shocks which reduce prices. However, in food exporter countries recent data support that food price hikes due to negative shocks are fully compensated by food price drops induced by positive shocks. It is significant in the sense that food importer countries are food price takers while exporter countries have some control over the food prices. However, in the Taiwan and Indian cases, there is evidence that rises of food prices because of negative shocks are not cancelled out by price reductions due to positive price shocks. There is no strong evidence of increased returns due to increased risk followed by a shock except in few instances. In regards to the mean and volatility spillover effects, this study reports mixed evidence of cross country spillover effects. Scant evidence of mean spillover effects is found for different countries across different subsamples. Over the full sample period, some cross country mean spillover effects are found for Australia, New Zealand and Singapore. For the first sample period mean spillover effects from other countries are found for New Zealand only. Over the recent subsample, some sort of mean spillover is found for all countries except New Zealand. It implies that food markets are more interdependent than before and shocks create some room for excess returns. The 'meteor shower' hypothesis that the conditional variance of the change in one market depends on the past information of other markets dominates 'heat wave' hypothesis that the conditional variance depends on the past information of that market, while for shorter time period 'heat wave' effects dominate 'meteor shower' effects. Partial meteor shower effects are found to be statistically significant for Australia, New Zealand, India and Thailand over the early subsample; however, recent data supports some meteor shower effects for the Australian, Hong Kong and Taiwan food markets. No exact directions for mean and volatility spillover effects from exporter to importer or importers to exporters can be identified based on the empirical findings of the study. However, it can be concluded that regime shifts and geographical proximity matter for cross country mean and volatility spillover effects. The empirical results of this study will be useful for food policymakers of concerned countries in terms of considering financial characteristics of food prices along with its primary product features, and also should inform policy responses of countries to prepare appropriate measures to respond to cross country spillover effects. The time periods involved, short or long-run, are relevant, as are geographical proximities, in preparing policy options. The findings in this study also provide some empirical www.ccsenet.org/ass Asian Social Science Vol. 8, No. 12; 2012 insights for food futures and options traders. Although the results of this study are econometrically robust, it leaves room for future research to extend the work within the framework of multivariate GARCH models. The study can also be extended in terms of using data for different food commodity prices to identify volatility characteristics at specific commodity level.
